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FOREWORD

This report describes how the Personnel-Based System
Evaluation Aid (PER-SEVAL) performance shaping functions were
developed. PER-SEVAL is one of six automated aids being
developed under the HARDMAN III development program. The
objective of PER-SEVAL is to find values for the personnel
characteristics that will meet system performance requirements
given fixed values for conditions, training, and design. In
essence, PER-SEVAL estimates the personnel quality requirements
of a particular contractor's design.

Other automated tools in the HARDMAN III contract will
assist U.S. Army personnel in developing system performance
requirements; identifying manpower, personnel, and training
constraints; determining maintenance manpower requirements; and
assessing operator workload. HARDMAN III is one of several
automated tools being developed for Army analysts by the U.S.
Army Research Institute for the Behavioral and Social Sciences
MANPRINT Division.

iii.



DEVELOPMENT OF THE PERSONNEL-BASED SYSTEM EVALUATION AID
(PER-SEVAL) PERFORMANCE SHAPING FUNCTIONS

EXECUTIVE SUW(ARY

Requirement:

To ensure the personnel quality requirements of new weapon
systems, quantitative methods for predicting the impact of per-
sonnel characteristics on soldier performance must be developed.

Procedure:

Researchers conducted regression analyses on selected data
from the U.S. Army Research Institute for the Behavioral and
Social Sciences Project A data base. Separate analyses were
conducted for different types of tasks. In each analysis, an
attampt was made to predict performance as a function of the
Armed Forces Vocational Aptitude Battery (ASVAB) composite and
the frequency and amount of sustainment training.

Findings:

Performance shaping functions were developed for most of the
task types. It was impossible to develop functions for several
types of tasks because there were so few instances of these tasks
in the Project A data base.

Utilization of Findings:

The performance shaping functions will be incorporated into
the Personnel-Based System Evaluation Aid (PER-SEVAL). PER-SEVAL
will assist Army analysts in assessing the personnel quality re-
quirements of future Army systems. The functions could also be
used in other tools required to predict task performance as a
function of aptitude and sustainment training. The authors
recommend that the performance shaping functions be validated
in future ARI studies.
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DEVELOPMENT OF THE PERSONNEL-BASED SYSTEM EVALUATION AID
(PER-SEVAL) PERFORMANCE SHAPING FUNCTIONS

Introduction

Objective of Paper

This paper has two objectives. First, it describes how the
Personnel-Based System Evaluation Aid (PER-SEVAL) performance
shaping functions were developed. Second, it describes how these
functions will be used to identify minimum levels of personnel
characteristics for a particular contractor's design.

The paper builds on two earlier reports: the PER-SEVAL
concept paper, which was delivered to ARI in April 1987, and the
PER-SEVAL design specifications, which were delivered to ARI in
December 1987.

Overview of PER-SEVAL

PER-SEVAL is one of six automated aids being developed under
the MANPRINT methods contract. Figure 1 outlines the objective of
PER-SEVAL. Performance is a function of personnel
characteristics, conditions, training and the system design (and
many other thinxgs as well, but these are the variables addressed
by PER-SEVAL). The objective of PER-SEVAL is to find values for
the per3onnel characteristics that will meet system performance
requirements given fixed vaiues for conditions, training, and
design. In essence, what PER-SEVAL does is to estimate the
personnel quality requirements of a particular contractor's
design.

Performance - F (P,CT,D)

P - Personnel Characteristics
C - Conditions
T - Training
D - Design

Objective: Find Values for "P" that Meet Performance
Requirements Given Fixed Values of C, T, D.

Figure 1. Objective of PER-SEVAL.

The personnel quality requirements produced by the PER-SEVAL
Aid will be part of the overall evaluation of a contractor's
design. Evaluations may be made as early as the proof-of-
principle phase of the acquisition process and would probably be
continued in subsequent phases. The primary users of the



PER-SEVAL Aid would be the Directorate of Combat Developments
personnel who provide input to the Cost and Operational
Effectiveness Analysis (COEA) and the Logistic Support Analysis
(LSA); and the logistics division of the program manager's staff

who develop manpower and personnel information for the LSA.

The PER-SEVAL Aid receives critical inputs from three other
MANPRINT methods aids--The System Performance and RAM Criteria
Aid, The Personnel Constraints Aid, and The Manpower-Based System
Evaluation Aid. The System Performance and RAM Criteria Aid
(SPARC) produces estimates of system performance requirements.
The Manpower-Based System Evaluation Aid (MAN-SEVAL) identifies
the jobs and tasks associated with each contractor's design. The
Personnel Constraints Aid (P-CON) describes the projected
distribution of each personnel characteristic.

The PER-SEVAL Aid has three basic components. First, the
PER-SEVAL Aid has a set of performance shaping functions that
predict performance as a function of personnel characteristics and
training. Second, the PER-SEVAL Aid has a set of stressor
degradation algorithms that degrade performance to reflect the
presence of critical environmental stressors. Third, the
PER-SEVAL Aid has a set of operator and maintainer models that
aggregate the performance estimates of individual tasks and
produce estimates of system performance.

Figure 2 provides an overview of the procedures a user would
employ in using PER-SEVAL. The user begins an application of the
PER-SEVAL Aid by applying the performance shaping functions using
the mean level of the personnel characteristics and the estimated
amount of training for the new system. These performance
estimates are then input into the rtressor degradation algorithms
where performance is degraded to reflect the presence of the
stressors. Next, the revised task performance estimates are input
into the operator and maintainer models which aggregate them to
produce estimates of system performance. Then, required
performance is compared with estimated performance at either the
task or system level (the user selects the level). If
performance is adequate, the PER-SEVAL Aid stops. Otherwise, the
personnel characteristics are incremented or decreased and the
entire process is iterated until required performance levels are
met.

Overview of Performance Shaping Funntions

PER-SEVAL performance shaping functions predict task
performance as a function of personnel characteristics and
training. Separate functions are provided for different types ot
tasks. Two types of training variables are used in the

2
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performance shaping functions -- freq'iency end :ecev'cy of
practice. The primary data source for tne development of the
performance shaping functions was the Project A data base.

Definition of personnel characteristics.

The performance shaping functions (PSFs) attempt to predict
performance for "stable design-related" characteristics. These
characteristics are defined as follows:

A design-related personnel characteristic is an enduring
human attribute that has a significant impact on operator or
maintainer performance and has information available to
estimate its current distribution within the Army.

One of the ultimate objectives of ARI MANPRINT tool
development efforts is to allow Army users to compare the number
of people required at or above a particular personnel
characteristic level with the number available at or above this
level (the latter is produced by P-CON). This type of comparison
is only meaningful for stable or enduring personnel
characteristics. For the same reason, a personnel characteristic
must either have data available to describe its distribution
within each Army MOS or we must bc. able to identify other existing
data that can be reasonably generalized to Army MOSs. If we
cannot describe a characteristic's distribution, we have no basis
for describing .t' availability and no basis for setting a
constraint in 1 CO,•.

To be a design-related personnel characteristic, a
characteristic must be related to operator and maintainer
performance--namely, task performance time and/or accuracy. If a
characteristic is not related to task time or accuracy, there is
little a contractor can do to design a system to accommodate a
given characteristic level. Four general types of characteristics
meet the criteria described above -- cognitive, perceptual,
psychomotor, and physical characteristics.

Of these four types of variables, the first three types
(cognitive, perceptual and psychomotor) impact how well a task
will be performed while the last type of characteristic (physical
characteristics) primarily determine if a task can be performed.
Since the focus of PER-SEVAL is on predicting how well a given
population can perform a task, the PER-SEVAL PSFs focus on tasks
falling into the first three categories.

Page 17 lists the specific characteristics included in the
PER-SEVAL PSFs.

4



Training variables in performance shaping functions.

Originally, we intended to use "amount of initial training"
as the training variable in our performance shaping functions.
However, two problems with this variable were identified. First,
there wa3 a lack of data or data bases which could be used to
relate this variable to task performance. Second, and perhaps
most importantly, to use this variable we would have had to assume
that all soldiers had just graduated from initial training since
development of models to predict the impact of intervening
variables on learning retention, task practice, and subsequent
task performance would be very complex.

Because of these problems, it appeared that we would have to
leave training completely out of our models. However, we were
able to identify two training-related variables in the Project A
data base. This data described how frequently and recently within
the last six months a soldier had performed a task prior to the
hands-on test. Together these two variables can be viewed as
describing the amount and recency of practice given to a
particular task. Since practice is one of, if not the key,
training variable, we decided to use these variables as measures
of the amount of sustainment or on-the-job training. Admittedly,
these variables capture only a small part of the total system-
specific traininq provided to Army soldiers. However, these are
the only variables on which data was available.

Through some simple assumptions and algorithms, we were able
to develop an approach fo. converting estimates of frequency of
performance on the job into the Project A frequency and recency
metrics. This allowed us to use an input variable (frequency of
performance on the job) that will be more meaningful to PER-SEVAL
users.

Qverview of form cf .

In our concept of the PER-SEVAL, perfozmance shaping
functions will he used to predict the performance level that can
be expected for a given set of personnel characteristic levels and
amount of training. The PER-SEVAL performance shaping functions
will actually predict a relative change from a baseline value
rather than absolute performance. Also note that the performance
shaping functions will describe generic predictor-performance
relationships for types of tasks rather than for specific tasks.

Table 1 displays the general form of the PER-SEVAL
performance shaping functions. Note that the functions predict a
Z score. The PER-SEVAL program will convert the Z score into the
raw score using a standard algorithm for converting Z scores to
raw scores. However, for the mean score, the program will use the
user's estimate of the expected accuracy level for each task



EU
* S

5

S0

3-t a. t
LL -

CL

; I M
E is

0 L

t N
0 A



associated with the specific contractor's design. (The time
estimates produced by MAN-SEVAL are also based on these same
assumptions.) This approach allows us to use a generic
predictionequation associated with different types of tasks to
predict performance on a particular task associated with a
specific contractor's design. The mean estimate provided by the
user captures the unique design features associated with a
particular task. Thus, we assume that the hardware/software
design determines the overall or mean level of performance of a
task and that personnel characteristics or abilities determine
scores of individual soldiers about this mean. This approach
requires certain assumptions -- some statistical and some
conceptual. These assumptions are described in detail on page 79.

Mechanisms for generalizing application of the PSFs to new
tasks.

Development of the PER-SEVAL performance shaping functions is
different than the typical regression analyses conducted in
academic psychology because we are attempting to develop functions
that can predict performance for a general class of tasks rather
than a particular task. Our ultimate goal is to predict
performance for the tasks associated with new weapon systems. Two
assumptions or mechanisms allow us to make generalized predictions
for new tasks. First, we assume that the generalized relationships
we develop for a particular taxon apply to all tasks which fall
into that taxon. (On page 87, we outline a set of procedures for
validating this assumption). Second, we use the functions to
predict Z scores -- that is deviation from a mean value which is
tied to specific task's overall task difficulty within a
hardware/software design. These two assumptions permit us to
develop functions which are scale invariant -- that is, the
functions predict performance for any task in that taxon no matter
what its scale. This allows us to generalize beyond the specific
types of scales (e.g., per cent correct) which were used during
PSF development.

History of tha performance shaping function concept.

Our concept of performance shaping functions is derived from
past work on human reliability analysis. Swain (1967) introduced
the term "performance shaping factor" to describe the external and
internal factors which modify or influence human performance.
Since that time, performance shaping factors have been identified
and applied in a wide range of human reliability analyses. A
description of performance shaping factors and their use in human
reliability analysis is provided in Miller and Swain (1986), and
Meister (1985). Performance shaping factors have included
"external" variables such as work space layout, environmental
conditions, and human engineering design, and internal variables

7



such as training/experience, skill level, intelligence, perceptual
abilities, and physical condition (Miller and Swain, 1987). In a
typical human reliability analysis using these factors, task
accuracy estimates are first adjusted to account for the impact
of the performance shaping factors and these adjusted estimates
are combined in a reliability model to produce overall relia-
bility estimates. The impacts of the performance shaping factors
on performance are typically expressed as a percentage change
from a baseline. Table 2 displays some percentage values that
Swain and Guttman (1983) developed to describe the impact of
stress on task accuracy for novice and skilled workers.

Data on the impacts of performance shaping factors may be
derived from empirical studies or from the application of expert
judgment techniques. Miller and Swain (1987) provide a
description of recent developments in the application of expert
judgment techniques.

Although not labelled as "performance shaping factors"
per se, the concept of human performance shaping factors has been
used in other areas as well. Human engineering design handbooks
often use the performance shaping function approach (percentage
impact on a baseline for different types of tasks) to provide
guidance for assessing the impact of environmental conditions or
other related variables on human performance. For example, Figure
3 lists guidance for assessing the impact of wet bulb temperature
on performance for different types of tasks taken from the
Handbook of Perception and Human Performance, Boff, Kaufman, &
Thomas, 1986.

Constraints on Development of Performance Shaping Functions

Resource and time constraints had a significant impact on the
development of the PER-SEVAL performance shaping functions. The
general philosophy of the MANPRINT methods contract was to develop
automated MANPRINT aids using state-of-the-art technology and
existing data. The PER-SEVAL development schedule reflected this
philosophy. Consequently, there was neither time nor resources
for

a) the collection of additional task performance data. Thus,
we developed the functions using performance data available
in existing data bases.

b) validation of performance shaping function development
process. (Page 87 describes a plan for validation).

The goal of the PER-SEVAL performance shaping functions is an
ambitious one--development of a generic set of functions for
predicting performance as a function of personnel characteristics
and training using existing data sources that can be applied

8.



Table 2

Model Accounting for Stress and Experience in
Performing Routine Tasks*

% increase In Error
Probability

Stress Level Skilled Novice

Very Low 200 200

Optimum 100 100

Moderately High 200 400

Extremely High 500 100

"Derived from Swain, A.D., and Guttmann, H.E. (1983, August). Handbook of human
reliability and anaiysis with emphasis on nuclear power plant application (Sandia
National Laboratories, NUREGICR-1278). Washington, DC: U.S. Nuclear Regulatory
Commission.

9



000 000 
110

41- 00 00 00 0

00000 0OT Oz 00 0o°00

36- 0 8 O 0 00
00 

0
31 0000 000 0 000 9

41-a000

S00 00 0 0 00.
00 00 0 8

600 0 0
06 G00 0 0

a1 09 0000 0 o 00 0 00

~ 1.0 0 000 0

41.
21- 000011

~~ 00

o . 00  c -10

.O0 OO 0 O0 00o

a * a& 011

o 00

0+ _ , ... 0. -0.526_

00 os a 0 -

01 0 0 00 0,0

1 0 0 age

0 25 50 7 100 12S ISO 175

From J.D. Romny & S.J. Mowitiny. sodnvwnent curves Ibr task peoronwna In hot
envlranmenl& Applid E.goomk, 9. Copyrlght 1978 by Ou eewoeh Scientil• Ltd..
GuMW fr, &w",~ UX R~p,*Vd "~h pormiseiwL

Figure 3. Example of the "performance shaping function."

10



across tasks and MOSs. We believe we have constructed a set of
functions that can accomplish this goal and can be incorporated
into an automated aid that can be used by Army users to assess
personnel quality requirements. However, we recognize that there
is much additional work that can and should be done to improve
these functions (page 87 describes some of this additional work).
Our philosophy has been that it is better to give users a slightly
imperfect tool that can help them in the near term rather than to
tell them to wait while the "perfect tool" is developed.

Overview of Data Sources for Development of Performance Shaping

The primary data source for the development of the Per-
formance Shaping Functions was ARI's Manpower and Personnel
Research Division (MPRD) Project A data base. Project A is more
formally known as the project for "Improving the Selection, Clas-
sification, and Utilization of Army Enlisted Personnel." To
date, Project A is the only data base we have been able to iden-
tify that contained the data needed to develop the performance
shaping functions. More specifically, the Project A data base
has hands-on performance data, personnel characteristics, and
training data for nine Army MOS:

113 Infantryman
13B Cannon Crewman
19E Armor Crewman
31C Single Channel Radio Operator
63B Light Wheel Vehicle Mechanic
64C Motor Transport Operator
71L Administrative Specialist
91A Medical Specialist
95B Military Police

The hands-on performance data includes both accuracy and time
data. To facilitate aggregation across tasks, the hands-on
accuracy measure used on almost all the Project A tasks was "

steps correct." While this measure met the needs of the Project A
study, it is, admittedly, not the ideal performance measure for
developing PSFs for predicting weapon system task performance for
certain types of tasks. (Page 87 describes alternative measures
for achieving this objective.) However, since it was the
predominant type of accuracy measure in the Project A data base,
we had to use it. Still, no matter what measure was used, we had
the problem of generalizing to other measures or scales
(see page 7).
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The Project A data base contained time data on many but not
all of the hands-on tasks. Appendix A lists, by MOS, all of the
hands-on tasks contained in the Project A data base and their mean
accuracy and time measures.

The Project A data also contained personnel characteristic
scores for each individual in the data base. Table 3 summarizes
the personnel characteristic measures that are included in the
Project A data base. Note that the Project A data contained
values on seven new predictors developed during the initial stages
of Project A. These seven new predictors are actually composites
of several subtests (see Table 4). The ASVAB area scores are also
composites of several subtests (see Table 4).

The Project A data base also had data on the frequency and
recency with which the hands-on tasks were performed. Table 5
lists the scales that were used to assess these measures.

In addition to the Project A data base, the other data source
used for performance shaping functions were recent review articles
(Genaidy, Asfour, and Tritar, 1988; and Genaidy and Asfour, 1987)
on models that predict performance on manual handling tasks.
Selected regression models from these articles will be used to
predict performance for gross motor tasks.

Because we are using the manual handling regression models

"as is" and not developing them "from scratch," there is no

discussion of these models in the description of the development
of performance shaping functions which follows. These models
were described in the "PER-SEVAL Design Specifications" submitted
to ARI in December 1987.

12
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Table 4

Subtests in New Project A Personnel Characteristics Composites and ASVAB
Area Composites

COMPOSITE SCORE SUBTESTS ADDITIONAL DESCRIPTION

I. New Project A
Personnel
Characteristics

Numerical Speed Number Memory Toot Mean for Final Response (Final Decision Time)
and Accuracy Number Memory Test Mean Hit Rate (initial Decision Time)
(B3CCNMSA) Number Memory Test Pooled Mean Operation Time (Mean Decision Time)

Number Memory Teat Mean for Initial Input (Percent Correct)

Overall Spatial Assembling Objects Test None
(B3PCSPAT) Map Test None

Maze Test None
Object Rotation Test None
Orientatlon Test None
Figural Reasoning Teot None

Complex Perceptual Perceptual Speed and Mean Hit Rate (Percent Correct)
Accuracy Accuracy Tost
(B3CCCPAC) Target Identif•ctilon Teat Mean Hit Rate (Percent Correct)

Short Term Memory Teat Mean Hit Rate (Percent Correct)

Complex Perceptual Perceptual Speed and Mean of Trimmed Decision Time
Speed Accuracy Test
(B3CCCPSP) Target Identification Test Mean of Trimmed Decision Time

Short.Term Memory Test Mean of Yrimme4 Decision Time

Psychomotor Cannon Shoot Teot Mean Abe. Time DOacep
(B3CCPSYM) Target Shoot Test Mean Log (Diet + 1)

Target Shoot Test Mean Time to Fire
Target Tracking I Mean Log (Dit +.1)
Target Tracking 2 Mean Log (Dimt+ 1)
Pooled Mean Movement None

Time

Simple Reaction Choice Reaction Mean Percent Correct
Accuracy Simple Rctlion Mean Percent Correct
(B3CCSRAC)

Simple Reaction Choice Reaction Time Mean of TrImmed Choice Decision Time
Speed Simple Reaction Time Mean of Trimmed Choice Decision Time
(83CCSRSP)

14



Table 4

Subtests In New Project A Personnel Characteristics Composites and ASVAB
Area Composites (Cont.)

COMPOSITE SCORE SUBTESTS ADDITIONAL DESCRIPTION

II. ASVAB Area
Composite*

Clerical (CL) AR Arithmetic Reasoning ASVAB Subtest - AR
MK Math Knowledge ASVAB Subtest - MK
VEl Verbal Equivalent ASVAB Subtest . VEI

Combat (CO) AR
AS Auto & Shop Information ASVAB Subtest - AS
MC Mechanical Comprehension ASVAB Subtest - MC
Cs

Electronics Repair AR
(EL) El Electronlcs information ASVAB Subteat - El

MK
GS General Science ASVAB Subtest - GS

Field Artillery (FA) AR
MK
MC
C S Coding Speed ASVAB Subteat - CS

General Main- MK
tenance (GM) El

Gs
AS

General Technical VE
(GT) AR

Mechanical NO Numerical OpersUono ASVAB Subteet - NO
Maintenance (MM) El

MC
AS

Operator* and NO
Food (OF) VE

MC
AS

Surveillance and AR
Communication AS
(SC) MC

VE

Skilled Technical VE
(ST) MK

MC
GS

¶ The Verbal Equivalent ASVAB Subtest (VE) Is formed by combining ecorwe from the Paragraph
Comprehension (PC) and Word Knowledge (WK) ASVAB subtet.

15



Table 5

Project A Task Frequency and Recency Scales

FREQUENCY

• Not at All
1-2 Times (per Six Months)
3-5 Times (per Six Months)
6-10 Times (per Six Months)
More than 10 Times (per Six Months)

During Past Month
1-3 Months Ago
4-6 Months Ago
More than Six Months Ago
Never

16



Preparation of Data for Entry into Regression Analyses

Selection of Personnel Characteristit'A

Seven factors were conr.:'iered in selecting the personnel
characteristics to be included in the PSFs:

(1) The personnel characteristic had to be included in the
Project A data base

(2) The characteristic had to be a stable design-related
characteristic as defined on page 4.

(3) The characteristic had to have sufficient variability to
be used as a predictor. Some of the characteristics we had
initially hoped to include (i.e., the PULHES scores) did not
have such variability. For example, on some of the PULHES
scores, more than 95% of the Project A population had the
same score.

(4) Most of tha Project A population had to have scores on
the characteristic. For instance, we originally hoped to
include MEPrTAT as a characteristic. But only one fifth of
the Project A population had scores on this variable. Because
this one fifth was spread ac~ross the different types of
tasks, t.aere was an insufficient sample to use this
characteristic.

(5) A cbaracteristic was excluded if it was incorporated
into a higher level measure. (For example, all of the new
predictots in the Project A data base were combined into
seven composite scores). This approach was taken to: (a)
minimize th.e number of characteristics included in the PSFs,
and (b) to improve the reliability of the characteristics
(the data suggested that the aggregate measures are more
reliable than the lower leve7 neasures).

(6) A characteristic was excluded if it was expected that it
would only be related to performance on gross motor-heavy
tasks since predictions for these tasks would be handled by
the material handling models (see page 11). Three physical
characteristics were excluded for this reason--height,
weight, and diastolic blood pressure.

(7) The only ASVAB measures which were included were the
ASVAB area composites alid the reading grade level derived
from the GT composite using conversion algorithms described
in Grafton (in press). Other ASVAB measures which were
available (e.g., ASVAB Quantitative and ASVAB Verbal) were
eycluded because of their redundancy with the ASVAB area

17



composite score-. The area composites are the measures used
to control entry into MOSs. Reading grade level was included,
despite its near perfect correlation with the GT composite,
because of its possible contributinn to the prediction of
performance in MOSs which did not use the GT composite as a
selection tool.

Table 6 lists the final set of personnel characteristics that
were included in the regression analyses used to develop the PSFs.
The characteristics are divided into three groups--cognitive,
perceptual, and psychomotor. Appendix B documents our rationale
for excluding particular Project A characteristics.

Q•velonment of Task Taxonomy.

The MPT2 task taxonomy has two major uses. First, it was used
to guide the development of the PSFs -- different functions were
developed for the different taxons in the taxonomy. Second, it was
used to guide the development of the stressor degradation
algorithms -- different algorithms were developed for different
types of tasks.

In developing the MPT2 task taxonomy, we attempted to develop
a classification scheme which would: (a) provide the minimum
number of taxons needed to achieve the two objectives described
above, and ,2) classify tasks and not task elementý:. The first
objective was important because we want to minimize "ser input
requirements and PSF development costs. The latter objective was
important because we want the PER-SEVAL models to be applicable at
the task level. That is, we want users to be able to assign an
individual task to one or more taxons without requiring them to
identify specific elements constit'ting that task. In doing so,
we can significantly reduce user input data requirements (users
who want to apply the models at the task element level can do so).
It should be noted that many behavioral classification schemes,
such as Fleishman's (Fleishman and Quaintance's, 1984), are very
detailed and are more applicable at the task element level.

The PER-SEVAL task taxonomy is primarily an expansion of
Berliner's (19661 task taxonomy. However, an attempt was made to
incorporate key features of Wicken's (1981) structure for
processing resources. These two structures are reasonably
congruent with one another. Task types were eliminated which,
while possible to imagine on a theoretical basis, seldom occur in
the Army e.g., auditory pattern recognition/discrimination).
Table 7 displays the PER-SEVAL task taxonomy. Some of the lower
level taxons in the hierarchy (see the highlighted taxons in
Table 7) are only used in the stressor degradation algorithms and
are not used in the PSFs.

18



Table 6

Personnei Characteristics Used to Develop New PSFs

Type

Cognitive * ASVAB Area Composites

SC = Surveillance Communications

CO = Combat

FA = Field Artillery

OF = Operators and Food

ST = Skilled Technical

GT = General Technical

GM = General Maintenance

EL = Electronics

CL = Clerical

MM = Mechanical Maintenance

* Numerical Speed and Accuracy*

* Reading Grade Level

0 Spatial*

Perceptual 0 Complex Perceptual Accuracy*

* Complex Perceptual Speed*

Psychomotor • Psychomotor*

• Simple Reaction Speed*

* Simple Reaction Accuracy*

SN*w OroJect A Predictor

19



Table 7

MPT 2 Task Taxonomy

Type Taxon

Perceptual • Visual Recognition/Discrimination

Cognitive • Numerical Analysis

- Information Processing/Problem Solving

Motor • Fine Motor - Discrete

* Fine Motor - Continuous

• Gross Motor - Light

• Gross Motor - Heavy

. Lifting, Lowering*
- Torquing/Pulling*
- Carrying*

Communication - Oral

* Reading and Writing

S= this level of taxon only used in stressor degradation
models

* These taxons used only in material handling models

20-



Definitions and examples of each of the taxons are provided in

Appendix C.

Linkage of Personnel Characteristics to Task Taxonomy Categories

Table 8 displays our estimates of the personnel
characteristics that can be expected to predict performance for
each of the taxons in the task taxonomy. ASVAB area composite is
listed as a potential predictor for each taxon. Four of the new
Project A predictors (complex perceptual accuracy, complex
perceptual speed, simple reaction speed, and simple reaction
accuracy) are also listed as potential predictors for every taxon.
However, the two accuracy measures (complex perceptual accuracy,
simple reaction accuracy) were used to predict task accuracy and
the two speed measures (complex perceptual speed and simple
reaction speed) were used to predict task time. The logic
underlying these assignments was that these composites were
complex and not easily assigned to a particular taxon. The
remaining two Project A predictors (numerical speed and accuracy
and psychomotor) could be readily tied to specific taxons.
Numerical speed and accuracy is expected to be a predictor of the
numerical taxon. Psychomotor is expected to be a predictor of the
four psychomotor taxons. Reading grade level is expected to be a'
predictor of the communication - reading and writing taxon.

Assignment of Project A Tasks to Taxons

Using the definitions listed in Appendix C, DRC staff
assigned each of the Project A hands-on tasks to one or more of
the taxons. Each task could be assigned to a maximum of three
taxons. We also estimated the expected percentage of task
elements involving each taxon. This process paralleled the
(expected) approach that users will take in assigning tasks to
taxons in PER-SEVAL (see page 77 for a description of this
process). The assignments and estimated percentages for each task
are listed in Appendix A.

Table 9 displays the distribution of the hands-on tasks
across taxons within each MOS based on the primary taxon
assignment. Note that one of the taxons (gross motor-heavy) was
not represented in the Project A data base. This does not pose a
problem since we planned on using existing manual handling models
for this type of task (see page 12). For several of the other
taxons (e.g., visual recongnition/ discrimination, gross motor-
light), there was a small number of tasks in the Project A data
base. This posed a problem since we needed multiple tasks within
the same taxon in an MOS to build a taxon performance measure.
(Without such a measure, we cannot develop a PSF for that taxon.)

To overcome this problem, we began to examine the knowledge test
items in the Project A data base as a possible additional source
of task items. We did this because we believed that for certain
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taxons (e.g., communication-reading/writing) there was a great
deal of similarity in the way that Project A hands-on and
knowledge items were measured--that is, actual performance of the
task tapped by the hands-on measures played a small role in
overall task performance. Thus, we decided to include knowledge
items for the four taxons without a significant psychomotor
component, (i.e., visual recognition/discrimination, cognitive-
numeric, cognitive-reasoning/problem solving/decision making, and
communication reading/writing). Pages 26 to 36 describe the
knowledge items included in each taxon.

Selection of Tasks For Taxon Measures

In order to predict performance, we selected a set of tasks
to represent each taxon. Since we intended to construct taxon
performance scores by aggregating across tasks falling into that
taxon for a particular individual, all of the tasks selected for a
particular taxon had to come from the same MOS. Two criteria were
used to determine which MOS would represent a particular taxon.
First, the MOS had to have a relatively large number of tasks
falling into a particular taxon. It is important to stress the
word "relatively" because for some taxons the maximum number of
tasks within any MOS was only 2 or three. Second, where there were
several MOSs to select from, we selected the MOS which (a) had
available training frequency and recency and time data and (b) had
a relatively large number of hands-on task items. The emphasis on
the hands-on measures reflects our overall preference for the
hands-on measures.

In selecting tasks to represent a taxon, we also examined the
contribution of individual tasks to overall scale consistency
(coefficient alpha). We used this examination as a statistical
check on our taxon assignments. Assignments for tasks which were
not consistent with the overall scale were reexamined. This was
accomplished by reviewing the Project A descriptions. Based on
this review, taxon assignments were changed for a few of the
tasks. However, if the taxon assignment was deemed appropriate, it
was left in the taxon measure despite its lack of statistical
consistency with the overall measure. We used this procedure
because we wanted to take a predominantly rational rather than a
purely empirical approach to the construction of taxon scale
measures.

Table 10 lists the MOSs selected to represent each taxon and
the types of tasks included in each taxon measure. A more
detailed description of the tasks selected for each taxon follows.

Visual recognition/discrimination.

Table 11 summarizes the tasks used to construct the
performance measures for this taxon. Only two MOSs (l1B and 64C)
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had tasks in this taxon and each of these only had one task. The
lIB task (Conduct Day and Night Surveillance Without the Aid of
Electronic Devices) was especially interesting because rather than
using "% steps correct," a measure of the % correct visual
identifications was used. (The actual measure was targets
correctly located in one minute plus total targets correctly
located minus false detections). Consequently, we decided to use
lIB as the source for developing this taxon. To supplement the
one hands-on task for lIB, we decided to use one knowledge item
for the task "Identify Armored Vehicles." In testing this item,
soldiers were shown photographs of actual armored vehicles and
asked to identify the vehicle from a set of choices.

27



Cognitive - numerinal.

Table 12 summarizes the tasks used to construct the
performance measures for this taxon. Only MOS 95B, had more than
two tasks falling into this taxon -- hence, 95B data was used to
develop the cognitive-numerical taxon.
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Cognitive - reasoning/problem solving/decision making.

Table 13 summarizes the tasks used to construct the
performance measures for this taxon. MOS 31C had five hands-on
tasks falling into this taxon and three tasks with clearly
relevant knowledge measures, which were also used in the taxon
measure.
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Fine motor - disncrte.

Table 14 summarizes the tasks used to construct the
performance measures for this taxon. Since most of the Project A
hands-on measures fell into this taxon (this is not surprising
since the % steps correct metric is most appropriate for this type
of task), there were many MOSs to select from. We selected 95B
because it had training frequency and recency data for each fine
motor - discrete task and because it had time data available for
the vast majority (eight out of ten) of these tasks.
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Fine motor - continuous.

There was only one task falling into this taxon in the entire
Project A data base--Operate Tractor and Semitrailer from MOS 64C.
Additionally, this task was tested using a metric (i.e., % steps
correct) that we felt didn't adequately measure the "fine motor-
continuous" aspects of the task. Consequently, we decided not to
attempt to build a PSF for this taxon. Page 87 describes our
approach for dealing with the lack of PSF for this taxon.
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-ross motor - light.

Table 15 summarizes the tasks used to construct the
performance measures for this taxon. We decided to use liB since
it was the only MOS with more than one task falling into this
taxon.
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Gross motor - heavy.

No Project A tasks fell into this taxon. Perfo.cmance for
tasks falling into this taxon will be predicted using the
materials handling models (see page 11).

37



"Communication - oral.

Table 16 summarizes the tasks used to construct the
performance measures for this taxon. Both 19E and 95B had two
tasks falling into this taxon. We decided to use 19E since this
MOS contained weapons system operators.
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Communication - reading/writing.

Table 17 summarizes the tasks used to construct the
performance measures for this taxon. 71L had the most hands-on
tasks (3) falling into this taxon. In addition, 71L bad a number
of clearly relevant knowledge items which fell into this taxon
(see Table 17). Most of these items involved reading and
evaluating typed material.
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Construction of Criterion Measures

The objective of the PSF development effort was to develop
functions to predict performance for different types of tasks as a
function of personnel characteristics and training. We are
interested in predicting performance for a task type rather than a
specific individual task. Thus, our dependent measure was mean
task performance for a particular task type rather than
performance on a specific task.

To construct mean task performance measures for each taxon,
we first developed standardized scores for each task by
calculating the mean and standard deviation for the MOS on that
task. We then took the mean of these standardized scores ac.ross
the tasks falling into the taxon for a particular individual. We
used standardized scores because tasks falling into the same taxon
sometimes used different scales. For the most part, 11% steps
correct" was used as the criterion accuracy measure for Project A
tasks. However, for a number of tasks, other scales (e.g., total
targets correctly located) were used.

The same procedure was used to construct mean values for both
time and accuracy: standardized scores were developed for each
task and the standardized scores were averaged to create an
overall taxon measure. Time values were not available for all
Project A tasks; so in some cases the number of tasks used to
construct the mean time values was different than the number of
tasks used to calculate the mean accuracy values (see Table 10).

Construction of Predictor Measures

Table 18 summarl.zes the predictor variables used to develop
the PSFs and the calcuiations, if any, that were needed to create
these variables.

Construction of rpading grade level score.

A reading grade level (RGL) score was calculated using a
transformation table developed by Grafton (in press). The table
lists values for converting scores on the GT ASVAB area composite
to RGL.

Calculation of mean training freguency and recency scorgA.

Mean training frequency and recency scores were calculated
for each taxon by averaging across the tasks which fell into t¶it
taxon. Frequency and recency scores were not available for aJi.
tasks. (See Table 19)
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Table 18

Calculations Required to Construct Predictor Variables

PREDICTOR CALCULATIONS REQUIRED

ASVAB Area Composites None

Numerical Speed and Accuracy None

Reading Grade Level Derived from GT In
Accordance with
Grafton (In press)

Spatial None

Complex Perceptual Accuracy None

Complex Perceptual Speed None

Psychomotor None

Simple Reaction Speed None

Simple React'on Accuracy None

Frequency Calculated by Averaging
Across Tasks In Taxon

Recency Calculated by Averaging
Across Taks in Taxon

Frequency-Recency Calcut4ted by Multiplying
Interaction Term Frequency and Recency Scores

Accuracy*

Used as a predictor for time only
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Construction of freciency-recency interaction term.

We hypothesized that there would be an interaction between
training frequency and recency in terms of their impact on
performance. For example, one might expect the impact of recency
on performance to vary depending on how frequently the task was
performed. To include this interaction in the PSFs, we
constructed an interaction term by multiplying frequency and
recency.
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Results of Regression Analyses

Two sets of regression analyses were conducted to develop the
PSFs for each taxon. In the first set of regression analyses,
performance was predicted as a function of personnel
"characteristics and training without correcting for restriction of
range in ASVAB area composites. In the second set of regression
analyses, corrections for these factors were applied. The actual
PSFs were constructed from the second set of analyses--that is,
the analyses with the correction factors. Results from the first
set of analyses are presented to show the impact of the correction
factors.

Each set of analyses was conducted in the following manner:

A different set of predictors was used for each taxon (see
Table 20). The predictors employed were bazged on the
characteristic-taxon relationships described on page 21. Wherever
data was available, frequency and recency and their interaction
are used as predictors for each taxon. Actually, 10 separate
regression analyses were conducted for each criterion
corresponding to the 10 ASVAB area composites. This approach was
taken so that PSFs would be available for any MOS regardless of
which ASVAB area composite is used as a selection criteria for
that MOS.

Separate sets of regression analyses were conducted to
predict the accuracy and time measures for each taxon. Thus, 20
regression analyses were conducted for each taxon (10 ASVAB
composites timnes 2 types of performance criteria.)

To predict accuracy, the predictors were entered in three
"blocks." In the first block, the relevant ASVAB composite was
entered. In the second block, of the training-related variables
(frequency, recency, and frequency-recency interaction term) were
entered into the equation. In the third block, a stepwise
technique was used to determine which of the remaining predictors
"would enter the equation.

To predict time, the predictors were entered in four blocks.
In the first block, the ASVAB composite was entered. In the
second block, the training variables were entered. In the third
block, the accuracy criterion was entered. In the fourth block, a
stepwise technique was again used to determine which of the
remaining predictors would enter the equation. Accuracy was used
as a predictor of time because of the expected relationship
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Table 20

Expected Predictors for Each Taxon

-- S

0 _

C ii = 0

0 a 2.2 E

U
0 ER 0 13

_Reading Ors"e Level X X

Complex Perceptual Slpeed NIA X X X X X X

Complex Perceptual Accuracy X X X X X X X

Overall spatial X N/A X X X X X X

Numerical Speed 6 Accuracy X X

Si Bmple flecelon Speed~ 14/ X l X "X X _

Simpeln Reactiny Acurc I X X X X oX X

TriigFeunc I 2 2
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between time and accuracy. In PER-SEVAL, we intended to first
predict accuracy and then predict time given the predicted
accuracy value.

Results From Regression Analyses Without Correction Factors

Table 21 summarizes the results from the regression analyses
without the correction factors. In doing the regression
analyses without the correction factors, predictors were forced
into the equation to mirror the results obtained from the analyses
with the correction factors (see below).

Results From Rearession Analyses With Correction Factors

Regression analyses were conducted with correction factors
for restriction of range due to the use of ASVAB scores as a
selection mechanism for entry into the Army and individual MOSs.

Correction for restriction of ran=e.

Entrance into the Army is typically restricted to individuals
who score above a minimum value on the Armed Forces Qualification
Test (AFQT). The AFQT is a composite of four ASVAB subtests --
Arithmetic Reasoning, Word Knowledge, Paragraph Comprehension, and
Numerical Operations. Once an individual is accepted into the
Army, he or she is assigned to an MOS. However, entrance into the
MOS is typically restricted to individuals who score above a
minimum value on a particular ASVAB area composite. The ASVAB
area composites are also composites of individual ASVAB subtests
(Table 4 lists the subtests in each composite). Thus, restriction
of range occurs at two levels--entrance into the Army and entrance
into the MOS.

The procedure used to correct R for range restriction is one
proposed by Lawley (1943) and described in Lord and Novick (1968).
In applying the procedure, the variance-covariance matrix of the
ASVAB composites for the 1980 youth population was computed using
the variance-covariance matrix of the ASVAB subtests (Mitchell and
Hanser, 1980). Table 22 lists these intercorrelations. The next
step in the correction procedures was to adjust for the MOS
selection criteria (i.e., the ASVAB composites). The variances
and covariances for the ASVAB composites for each Project A MOS
used in the analyses are listed in Appendix D.

Mathematical description of correction proceduires.

In describing the equations for correcting for restriction of
range or curtailment, we use the following notation:
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Table 22

Mean, Standard Deviations and Intercorrelations for Population Taking ASVAB:
1980 Reference Population Subtest Scoresa

ASVAB Subtest (N = 9173)

Arithmetic Word Paragraph Numerical General Coding Auto & Shop Mathematics Mechanical Electronics
Reasoning Knowledge Comprehension Operations Science Speed Information Knowledge Comprehension Information

AR WK PC NO GS CS AS MK MC El
AR So0.3b

10.25
WK 50.61WK .71 10.05

PC .67 .80 0.47

NO .63 .60 .60 401::
0 4..63

S .72 .0 .69 .52 9.49

CS .51 .55 .56 .70 .45 ,i.04S~10.10
AS .53 .52 .42 .29 .64 .22 4::5

MK 51.64MK .83 .67 .64 .62 .69 .52 .41 10.77
MC .68 .59 .52 .40 .70 .33 .74 .60 47.596.55 47.05
El .66 .68 .57 .41 .76 .34 .75 .58 .74 .401

AR a Arithmetic Reasoning CS a Coding Speed

WK a Word Knowledge AS a Auto and Shop Information
PC a Paragraph Comprehension UK a Mathematics Knowledge

NO a Numerical Operations MC = Mechanical Comprehension

GS a General science El a Electronics Information

a Restricted to persons In the smple born between January 1, 1957 and December 31, 1962 (10 through 23 years at
time of testing, July.Oclober 1960).

b Means and Standard Devlitions along the diagonal. Means are slightly above the diagonal, and standard
deviations are slightly below.

REFERENCE:
Office of the Assistant Secretary of Defense (OASD) (Manpower, Reserve Affairs, and Logistics). (1082), Profile of
- - -tiian Ynefh. 1G Ma/t lmlnida Admlniptr n n! Iuha krma,4 na..athis Vnacslnrl Aptitllua Beltery.

51



"x(X) - Variables on which explicit selection has
taken place (corresponding variables in the
uncurtailed population)

y(Y) - Variables on which incidental selection has
taken place (corresponding variables in the
uncurtailed population)

Sx(SX) -Variance covariance matrix of the variables on which
explicit selection has taken place

Sy(SY) -Variance covariance matrix of the variables on which
incidental selection has taken place

We make the following assumptions (Lawley, 1943; Lord and Novick,

1968):

(i) E (Y I X) = E (y I x)

(ii) SY.X = Sy.x

The first assumption is that the regression equations and, hence,
the regression coefficients, are equal in the curtailed and the
uncurtailed populations. Since the regression coefficients are
given by the expression B - SX-1 SXY - Sx-I Sxy, it follows that;

SXY = SX Sx-1 Sxy

The residual, a partial variance-covariance matrix Sy.x is given
by the expression:

Sy.x - SY - SYX SX-1 SXY

Similarly,

Sy.x - Sy - Syx Sx-1 Sxy

Thus,

SY - S'XY SX-1 SXY - Sy - S'xy Sx-1 Sxy

and, hence,

SY - Sy + S'XY SX-1 SXY - S'xy Sx-1 Sxy

or,

Sy - Sy + (S'XY - SIxy) Sx-1 Sxy
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when selection takes place, SX, Sx, Sxy, and Sy are known.
Correcting for curtailment requires obtaining SY, and SXY so that
the variance-covariance matrix of Y and X in the uncurtailed
population can be obtained. Once this matrix is determined, the
equation for predicting Y from X in the uncurtailed population can
be determined.

In the present context, there are two possible definitions of
the uncurtailed population: (a) the 1980 reference population and
(b) the population of those selected to enter the Army. The
equations given above can be used to correct for restriction of
range for these two populations.

Since the 1980 reference population data only includes
information on the relationships among subtests (i.e., standard
deviations and means), it was necessary to estimate the
relationships among the ASVAB composites for this same population.
In making these estimates, we assumed that the composites were
linear composites of the subtests. In actuality, the composite
scores are derived from the subtests using equipercentile-equating
techniques. These techniques involve using conversion tables that
give slightly nonlinear translations of the "sum-of-subtest-
standard" scores.
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Results per Taxon

Results for the regression analyses of time and accuracy for
each taxon are provided in the subsections that follow.

Vi-sual recognition/discrimination.

Table 23 presents the regression analyses results for the
accuracy measure. Note that time measures were not available in
the Project A data base for this taxon.
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Cognitive - numerical.

Table 24 and 25 present the regression analyses results for
the accuracy and time measures, respectively.
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"Cognitive - information processing/problem solving.

Table 26 and 27 present the regression analyses results for
the accuracy and time measures, respectively.
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Finn motor - discrete.

Table 28 and 29 present the regression analyses results for
the accuracy and time measures, respectively.
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Gross motor - liaht.

Table 30 presents the regression analyses results for the
accuracy measure. Note that time measures were not available in
the Project A data base for this taxon.
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Communication - oral.

Table 31 and 32 present the regression analyses results for
the accuracy and time measures, respectively.
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Communication - reading/writing.

Table 33 and 34 present the regression analyses results for
the accuracy and time measures, respectively.
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Summary of reg,".

Table 35 summarizes the results from the regression analyses
with the correction factors. Tables 36 and 37 provide comparisons
with the regression analyses which were done without the
correction factors for time and accuracy, respectively.
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Description of How the PSFs Will Be Used

Figure 4 provides an overview of how the PSFs will be applied
in PER-SEVAL. In the initial steps of a PER-SEVAL application,
users provide the input information needed to apply a PSF. To do
this, they first assign the duty positions associated with a new
weapon system to an MOS. These duty positions were constructed as
part of the MAN-SEVAL application. As part of this process a user
may identify a new MOS. Once an MOS has been identified., the
system will identify an ASVAB composite for that MOS and expected
cut-off and mean levels for that composite. The uset is then
asked to assign each operator and maintainer task to one or more
of the MPT 2 taxons using the taxon definitions provided in Appendix
A as a guide. Each task can be assigned to a maximum of three
taxons. Users will also estimate the expected percentage of task
elements involving each taxon.

In the next step of a PER-SEVAL application, the user
describes how frequently the task will be performed on the job.
The system then converts this information into estimates of
frequency and recency of performance. (The PER-SEVAL design
specifications describe this conversion process in detail.) In a
later PER-SEVAL step, the system will ask a series of questions
that are designed to elicit from users the minimum information
needed to estimate the mean level of performance that can be
expected given (a) a particular contractor's hardware/software
design and (b) the expected quality of the population who will
perform the task (i.e., the level of the relevant ASVAB area
composite). Page 81 outlines the process that will be employed
to obtain these mean values.

Once the taxon assignments have been made and the mean
performance values have been obtained, PER-SEVAL begins the
process of identifying the minimum level of the ASVAB area
composite that will provide the desired performance level--that is
the level that will meet the performance requirements identified
by SPARC, one of the other MANPRINT aids. There are two
components to these performance requirements--a standard which
describes the quantitative level of performance that must be
achieved and a criterion that describes the percentage of time
that level must be achieved. PER-SEVAL identifies the minimum
ASVAB area composite by iteratively changing the composite score,
calculating the impact of this change on other personnel
characteristics, and then using the PSF to estimate expected task
performance at the new predictor levels.

The next section provides several examples of how the PSFs
will be applied once taxon assignments, mean performance levels,
and revised predictor values have been determined. In subsequent
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sections, procedures for estimating the mean performance levels

and revised predictor values are outlined.

Example of PSF Application

In this section, we present an example of how the PSFs will
be used to predict task performance. The example employs data from
the Project A data base. The task used in this example is "Start
and Stop a Tank."

The PSFs are applied in a three step process. Fi.st, the raw
score for the predictor variables are converted to standardized
scores. Second, a standardized criterion score is predicted by
multiplying each standardized predictor by its beta weight (from
the PSFs) and summing the result. Third, the standardized
criterion is converted to a raw score. Note that the mean
criterion value used in this conversion is supplied by the user.
Table 38 displays the results of each of these steps for the
example task.

Predictions for task time will be calculated in a similar
manner except that task accuracy will be included as a predictor
variable. Thus, the accuracy score for a particular task is
predicted prior to the time score for that task.

In some cases, a single task may be assigned to several
taxons. In these cases, predictions are made for each taxon and a
weighted average is calculated, weighing each taxon prediction by
the percentage value assigned that taxon by the user.

Assurnptions in Applying PS~s

A number of assumptions underlie application of the PSF in
the manner described above. The key assumptions are as follows:

1) The PSFs we have developed for a taxon can be applied to
any task which is placed in that taxon;

2) The same predictor-criterion relationships apply over
different levels of the predictors and the performance
measure;

3) Predictor-Criterion relationships do not vary as a
function of other personnel characteristics or other
variables;

4) Users can reliably assign the tasks to taxons and provide
the information needed to estimate mean performance levels;
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5) The corrections for restrictions of range are based on
the following statistical assumptions.

The two sets of prediction equations relating the performance
of a task in a given taxon to the scores on the predictor
variables were developed using (a) the reference population, and
(b) the population of those selected for an MOS. In developing
these equations it was assumed that:

(i) E(Y I X) = E(y I x)

where Y is the criterion score in the unselected population (a) or
(b) and y is the corresponding score for those who have been
selected into a MOS. Similarly X is the predictor score in the
unselected population (a) or (b) and x is the predictor score for
those selected into a MOS.

The second assumption is:

(ii) (32YIX = (a2ylx

i.e., the variance of Y partialling out the effect of X in the
unselected population is the same as the variance of y partialling
out the effect of x in the population selected into a MOS.

These two assumptions are given in terms of a single
criterion variable and a single predictor variable. These
immediately generalize to the multivariate case and provide the
basis for correcting for restriction of range.

Methods for Eliciting Mean Performance Values

In estimating mean task performance within the framework
described here, there are three factors that must be considered--
the difficulty of the task as determined by the hardware/software
design, the overall capabilities of the population performing the
task, and the sustainment training opportunities provided to this
population (i.e., frequency and recency of task performance).
Within the PER-SEVAL framework, we assume that the "overall
capabilities of the population" are primarily determined by one
type of personnel characteristic--the ASVAB area composite used to
control entry into the MOS. We assume that the distribution of the
other personnel characteristics (e.g., the new Project A
predictors) are determined by the cut-off level selected for the
ASVAB area composite. Hence, when identifying a reference
population to make the mean judgement, the user has to consider
only one personnel characteristic--ASVAB area composite.

Despite this simplification, making a direct judgement of the
mean taking into acc9unt these three factors is a complex process.
The PER-SEVAL program is designed to minimize the complexity of
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this process. There are three situations under which the mean
values could be obtained (see Figure 5).

First, because PER-SEVAL is designed to be applied later in
the acquisition process, it is possible that performance data will
be available for the task from test and evaluation. As part of
the test and evaluation, data could be collected on mean task time
and accuracy, the mean and standard deviation of the ASVAB area
composite of the soldiers performing the task, and the training
frequency and recency prior to task performance. This information
is all that is needed to derive the necessary inputs for the PSFs
(see Figure 5).

In the second and third situations, we assume that empirical
data on task performance is not available. In the second
situation, we assume that the task whose performance we are
attempting to predict is measured on the same scale as the Project
A tasks (i.e., percent steps correct). In this situation, the
system first estimates scores for all personnel characteristics
other than ASVAB area composite (scores for the composite were
identified in an earlier step). Information on the existing or
projected distribution of the other personnel characteristics at
various levels of the ASVAB area composite will be available in
the PER-SEVAL files. (The projected distributions would be
predicted by P-CON.) This information can be used to generate
expected mean scores for the non-ASVAB characteristics at a given
cut-off level of the ASVAB composite. The user next rates the
expected mean level of performance using a behaviorally-anchored
rating scale (see Figure 6). The anchors on this scale would
depict expected performance levels for Project A tasks falling
into that taxon. These levels would be predicted using the PSFs
and the predictor values described above as input. It should be
noted that this scale should be appropriate for most fine motor-
discrete tasks since "% steps correct" is the metric most often
used to measure performance on these tasks. Based on previous
analyses, we expect 30 to 60 percent of weapon systems tasks fall
into the fine motor-discrete taxon. It should also be noted that
as PER-SEVAL is applied to a large number of weapon systems, it
will be possible to build task difficulty rating scales using
metrics other than the Project A "% steps correct" metric. Once
the user has input the mean values, he is then asked to enter the
expected minimum (5th percentile) and maximum (95th percentile)
values for task performance. This information is used to generate
a standard deviation for the task.

In the third situation, we assume that the new task is not
measured on the same scale as the Project A tasks (i.e., not
measured on the % steps correct metric). In these situations, the
user follows procedures similar to those described above (see
Figure 5). However, rather than using the BARS scales, the user
makes direct estimates of mean performance given a mean ASVAB area
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composite level and expected frequency of performance on the job.
For assistance, a user can ask the system to show what level of
performance was achieved on other tasks falling into that taxon
given the same levels of ASVAB area composite and frequency of
performance. As in the second situation, the user is asked to
enter the expected minimum (5th percentile) and maximum (95th
percentile) values for the task to provide the information needed
to estimate the standard deviation for task performance.
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Figure 5. Methods for eliciting mean performance values.
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TASK: Start MIAI Tank Engine MOS:

TASK TYPE: Fine Motor - Discrete EXPECTED SCORE: XX

ASVAB COMPOSITE: . bfCJQ

EXPECTED FRUGUENCY OF PERFORMANCE ON THE JOB: Once.a Month

Estimate expected % steps correct for task listed above. Examples of
performance levels for other Fine Motor - Discrete tasks are listed below
to assist you.

% STEPS CORRECT

100 -
- Perform Operator Maintenance on MWAI Machine Gun (95%)90--

80 - Operate Radio Set ANJURC-64 (84%)

- Put on M2$A1 Protective Mask with Hood (75%)
70 - StartlStop Engine (on M485/M60) (68%)

6 0 - " St Headspace/Timing on M2 (55%)

50-

40.-

30-

20-

10

0

Figure 6. Format fcr behaviorally anchored rating scale.
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Potential Techniques for Validating the PSFs and Associated
Concepts

As noted in the introduction, resource limitations prohibited
us from validating the PSFs and associated concepts. In this
section, we briefly outline key concepts related to PSF
application that should be validated and possible validation
techniques.

To "validate" the PSF concepts outlined in this paper, there
are four key questions that must be answered.

1) Can users make reliable taxon assignments?

2) Can users make reliable and valid estimates of mean
performance?

3) Do the PSFs accurately predict task performance? If
partially successful, under what circumstances are they
successful?

4) Is the PER-SEVAL task taxonomy an accurate representation
of soldier tasks?

5) What is the impact of task performance reliability on the
PER-SEVAL estimates?

Question #3 is, of course, the most critical and the ultimate
validation question in a psychometric sense. Furthermore, we
would argue that if the answer to the first three questions is
yes, we would not need to know the answer to the fourth question
since the ultimate value of a taxonomy is determined by its
utility in predicting performance.

Techniques for Measuring theReliability of Taxon Assignments

The reliability of the PER-SEVAL taxon assignment pLocesz can
be tested as follows. A group of Army personnel from the same
population as the expected PER-SEVAL users can be asked to make
taxon assignments for a large number of Army tasks using the
portion of! PER-SEVAL that assists users in making these judgments.
These use17s would be asked to assign the same set of tasks. Two
measures of the "agreement" of task taxon assignment could then be
constructed. One measure would assess the percentage of time a
task is placed into the same taxon. (The actual measure to be
used would be a coefficient of inter-rater reliability.) The
other measure would examine the reliability of the taxon
percentage assignments. It would be constructed by correlating
taxon percentage scores for tasks assigned to the same taxon.
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If, as a result of the above analyses, it is found that users
are confusing two taxons, improved techniques for describing these
taxons should be developed and re-tested. If such techniques are
not possible, the taxons should be merged or rearranged.

Techniques for Measuring the Reliability and Validity of the Mean
Performance Estimates

Reliability assessment.

The reliability of the PER-SEVAL mean performance estimation
process can be tested as follows. A group of Army personnel from
the same population as the expected PER-SEVAL users can be asked
to make mean performance estimates for a large number of Army
tasks using the portion of PER-SEVAL that assists users in making
these judgments. Users would be asked to make estimates for the
same set of tasks. Correlations between the task estimates could
then be examined.

~ assessment.

.he validity oc the mean estimates could be assessed by
coanparing the estimated mean performance estimates with actual
values from empirical data. To do this, tasks with existing
empirical data would have to be compared with task performance
estzimtes generated by the procedures described above.

Taechniques for Validating PS' Performance PrediQtion EIstimates

The PSFs can be used to make performance predictions for a
sample of individual soldiers on a number of tasks within a taxon.
These predictions can be correlated with actual performance on the
tasks. Validation of this type could readily be made using data
from the Project A data base. To do this, one would attempt to
predict performance on tasks that were not included in the
original PSF development effort.

Impact of Task Performance Reliability on PER-SEVAL Estimates

The reliability of hands-on performance tests for individual
tasks is relatively low. For example, for the Project A hands-on
performance measures, Campell, Campell, Rumsey, and Edwards (1985)
report split-half reliabilities for individual tasks that range
from .35 to .82 across MOSs. Currently PER-SEVAL produces point
estimation of performance for individual tasks that assume perfect
reliability. Ideally, if information on the reliability of task
performance measures for new systems was available, these point
estimates could be converted to interval estimates that would
reflect the measures' reliability. Modification of PER-SEVAL to
accommodate changes in task performance reliability should be
considered in future HARDMAN III improvement programs.
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Potential Techniques for Improving the PSFs

In addition to the validation program described on page 87,
there are several other studies that could be undertaken to
improve the PSFs. As the discussion on page 21 and 47 indicates,
at this time we were not able to develop PSFs for several types of
tasks. There were several reasons for this. First, the Project A
data base lacked data on several different task types related to
system performance. In par-icular, the Project A data base
contains one fine motor-continuous task and only a few visual
recognition/discrimination tasks. Second, for some task types,
particularly those with a small number of tasks, the predictor-
performance relationships were weak (see Table 39). Third, for
all but a handful of tasks the performance measure used in Project
A is "% go"--that is, the number of steps in a task of which the
soldier got a "go," divided by the total number of steps in a
task. While this measure is directly relevant to fine motor-
discrete tasks, it is less relevant to other types of tasks such
as fine motor-continuous tasks. For example, performance measures
more relevant to fine motor-continuous tasks are "percent hits"
(for shooting), root mean square deviation from idoal flight path
(for piloting). Measures of this type typically car. only ze
collected in the actual vehicles or in simulators. Because its
primary focus was job performance and not weapon system
performance, Project A focused its hands-on assessments to tasks
at the soldier's home base.

In future efforts, we recommend that ARI develop more
pcrformance shaping functions by collecting additional empirical
data from man-in-the-loop simulations at Army simulation
facilities. These additional functions would be deaigned to
provide data on the task types not covered adequately in the
Project A data base. They could also be designed to provide data
on the relationship between performance and key training variables
not included in the current PER-SEVAL. For example, PER-SEVAL
estimates training as a function of the frequency and recency of
performing the task on the job or in sustainment training (these
are the training variables most related to training on the job and
the only training variables available in the Project A data base).
Other key training variables (type and amount of institutional
training) are not included in the PER-SLVAL.

We believe that there are a number of simulators which could
provide the type of data needed by the PER-SEVAL performance
shaping functions. One such simulator is the Realistic Air
Defense Engagement System (RADES). RADES is an air defense
simulator coniisting of subscale aircraft, an aircraft
position/location system, actual air defense weapon systems
(e.g., Chaparral, Improved Chaparral, Self-Propelled Vulcan,
Reaeye, Stinger, Roland, and HIVAD), and an electronic interface
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which connects the weapon to sophisticated data collection and
communication systems. Performance measures which RADES can
assess include times and ranges for critical engagement events,
aircraft identification accuracy, and kill or miss data.

Other simulators which could provide data for PER-SEVAL
performance shaping functions include the Crew Station R&D
Facility currently under development by the Army Aeroflight
Dynamics Directorate and the AMC ARTI program and the
developmental SIMNET (SIMNET-D) system at Fort Knox. The
September/October 1988 MANPRINT Bulletin described how SIMNET-D
could be used to support MANPRINT efforts.

Collection of empirical data from the simulators will be a
time consuming process. However, the PER-SEVAL provides a
".heoretical" fri-mework which will allow this data to be
generaliz'ýd to a wide range of future systems and tasks -- thus
the payoff will be high.

Within recent years, there has been renewed academic interest
in examining -he factors which moderate or impact the relationship
between human abilities and task performance. For example, in
recent years :here have been several studies on the relationship
between human nbilities and skill acquisition (see, for example,
Ackerman. 1987; Adams, 1987; Henry & Hulin, 1987; Schmidt, Hunter
Outerbridqe, Goff, 1988 and Ortega, 1989). These studies
indicAte that the relationship between performance and ability
",,aries as function of type of ability, place in the skill
acquisition process, and level of task difficulty. Almost all of
these studies used ability measures that are not used by the Army.
Thus, it is difficult to generalize their findings to Army
personnel. One possible activity under the proposed task order
would be to replicate selected academic studies using Army ability
measures (e.g., ASVAB, Project A predictors). Results from such
studies could lead to more accurate predictions of soldier
performance.
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APPENDIX B. Personnel Characteristics In
Project A Data Base

INCLUDED
AS

PROJECT A PERSONNEL REASON FOR
CODEIL CHARACTERISTIC EXCLUSION

AIASaOAR New 1980 Stdz ASVAB Subtet - AR No Part of Area Composite
AIAS8OAS New 1980 Sidi ASVAB Subtest - AS No Part of Area Composite
A1AS8OCS New 1080 Stdz ASVAB Subtest - CS No Part of Area Composite
AIAS8OEI New 1980 Sdz ASVAB Subtsat- El No Part of Area Composite
AIASSOGS New 1980 Sldz ASVAB Subeast - GS No Part of Area Composite
AIAS8OMC New 1980 Stdlz ASVAB Subtest - MC No Part of Area Composite
AASASOMK New 1980 StdW ASVAB Subtest - MK No Par of Area Composite
A1AS8ONO Now 1980 Stdz ASVA8 Subteet - NO No Part of Area Composite
AIA88OPC New 1980 Sidi ASVAB Subtest - PC No Pert of Area Composite
A1AS#OVE New 1980 81z ASVAB Subteat - VE No Part of Area Composite
A1AS8GWK New 1980 Stda ASVAE Subtast - WK No Part of Area Composite

AIACeOCL New 1980 Area Composite - CL 4News Yes
A1AG80CO New 1M80 Area Composite - GO Yes
AIAC8OEL New 1980 Area Composite - EL Yes
AIACOOFA New 1980 Area Composite. FA Yea
A1AC8OOM New 190W Area Composite.- OM Yes
A1ACOOGT New 1980 Am Composite - OT Yes
AIACOOMM New 1980 Area r4ompocits - MM Yss
AIAC8OOF New 1980 Area Composite. OF Yoe
AIAC40SC New 1980 Area Composite. 6C ANewi Yoe
AIACGOST New tM0 Am rComposite - ST Yes

A1AFQTYO New 1980 AFOT Bore No Redundant with Area Composite
AIMCATOC New 1980 Mnital CaIegory No Redundant with Area Composite

AIWOT Weight No Included in Materiel Handling Models

AIHOT Height No Cn•ided in Material Handling Models

AIDIABLD Otatotlk Blood Pvsaure No ncluded In Material Handling Models

AIPULHEI PULHEI Factor - Physicall Sltmtn No Lack of Verlability
AIPULHE2 PULLHE Facoto. Upper Wtremtlee No Lack of Variability
A1PULHE3 PULHIES Fealor - Lower ftuemetle No Look oa Verlability
AIPULHE4 PULHE8 Fo•or - Hesting No Lack of VartabIlIty
AIPULNES PULHES Faclor - Eyes No Laok of Variability
AIPULHEIS PULHES Fcltor - Psychlaric No Loak of Variab~lty
AIPULNE? PULNES FPator. Rap W*iI4t0 Nm Only Available on 113 of

Accaaelono Conatrgcte,

AIAOUANT AIVAS Constuc: Ouantlteelve No Redundant wfth Am Composlte
AIA8PERD A6VAe CoWtuct.: speed No Redundant with Area Composite
AIAT ICH ASVAS Conetrrt•: Teohlcol No Redundanm with Am rCompoetts
AIAVERIL ASVAe Canstut: Vaibs No Re;undd wk Area Composit

Cognitive Teats:

93PBAONC l CORR: Assembling Objecta No Inc. In composite Measures
B13PSMPNC 6 CORR: mop Test No Inc. tn Composite Meseures
93PSMZNC 0 CORn: Maze Teat No itr. In Composite MeaSures
83PSORNC 0 CORR: OGble Rolatin No tno. In Compoa8te Measures
B3PSOTNC 8 CORR: Orientation Toea No Inc. In Composite Measurea
b3PSRSNC 0 CORR: R"aonlg Teso No InM tn Compoafte Usawe

Cognitive Constructs:

I8PCORNT Copntlve Sub-Coetinuc: 61i;. Orient. jio Inc. In Composite Measures
83PCREAS ('Cognitive SL4untosluct: spatial Rees. No Inc. In Composite Measures
S3PCSCAN Cognitive ub.Constrm : Spatial Scan No I" In Compo"s Measures
S3P1CiPAT Cognitive Construct: Oeusg Spatal Yes



APPENDIX B. Personnel Characteristics In
Project A Data Base (Cont.)

INCLUDED
AS

PROJECT A PERSONNEL REASON FOR
corE TITLE CHARACTERISTIC EXCLUSION

Choase Rsac.lion T'me:

B3CSCRDT CRT: Mean of Trimmed Decision Time No Inc. In Composite Measures
B3CSCRHT CRT: Mean Hit Ret# No Inc. in Composite Measures

Cannon Shoot:

B3CSCSTS CS: Mean Abs. Time Discrep No Inc. in ;omposito Measures

Number Memory:

Li3CSrtMD r NUM: Mean for Flnal Response No Inc. In Composite Measures
B3CSNMHT NUM: Mean 141t Rats No Inc. In Composite Measures
83CGNIJIN NUM: Mean for Initial Input No Inc. In Composite Measures
63CSNMOP NUM: Pooled Mean Operation Time No Inc. In Composite Measures

Perceptual Speed & Accuracy:

B3SC8Sr" PV ,: rean of Tr.mned Decision Time No Inc. In Composite Measures
B3CSPSHT PSA: Mean Hit Rate No Inc. In Composite Measures

Sho-t.Term Memory:

B$CSIMDT MWM: Mean of Trimmed Declelon Time No Inc. In Composite Measures
83C88MHT MEM: Mean 0& Rats No Inc. In Composite Measures

Simple Reaction Time:

B3C36RD' GhT, Mean of Trimmed Declison TIri No Inc. In Composite Measures
B3c96RHT 6RT: Mom Hit Rate No Inc. In Composite Measures

Target Identification ? I'

.• 3CSTIDT TARGET: Mean of TrImmnd Decision Time 1oo Inc. In Composite Measures
93COTIHT TAROE' AMea HNi Rol No in in Composite Measure*

Target Shoot:

53C8TSDL TARGET S11OOT - Mean LIg Aot; + 1) No In9. In Composite Measures
33CSTSOT TARGET SHOOT - Mea Time to Fire No Inc. In Compoels Meesurea

Target Trackitng 1:

83CSTICL TARGEt TWACKING I • Mea Log (Dia * V; No Inc. In Compoell Measures

Target Tracr% 2:

83CST2DL TARGET TRACXWNG 2 - Mean Log (Dial # 1) o40 in. In Composite Meawes

Totei Movemeat Time:

B3CSRTMT Pooled Mean Movemen Vow No Inc. In Composite Measuree

Predictor Computer Constructs:

83CCCPAC Computer Construc, Complex PAtc A:cv yes
*3CCCPSF Computer Constiuct: Complor Pere Speed Yes
53CCNMSA Computer Construct: Mtum Speed/Ace. Yea
83CCPBYM Computer Construc: Psychomotor Yes
b3CCSRAC computer Conslruct: Simp. React. Ace. Yes
e3CCSRSP Computler Construct: SiWp. Reat. Speed _ Yes
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Appendix C: Task Taxonomy Taxon Descriptions

T Pernpntual

1.1 Visual Pattern Recognition/Discrimination -- Using the eyes
to identify or discriminate targets or objects.

Examples: Identify target; identify friend or foe, conduct day
and night surveillance.

NOTE: Reading text or numbers is covered under a separate task
type (see 4.1-READING/WRITING

TI Cognitive

2.1 Numerical -- performing arithmetical or mathematical
calculations.

Examples: Measure an azimuth on a map with a protractor, estimate
range, determine weight and balance bearing.

2.2 Reasoning/Problem Solving/Decision Makina -- encoding or
decoding information; classifying objects into categories;
troubleshooting or identifying the cause or source of an existing
problem or failure; planning or developing a set of procedures for
performing future actions; selecting the "best" course of action
from a set of multiple alternatives.

Examples: Encode/decode messages. Plan flight. Troubleshoot
fuel system malfunction. Troubleshoot electrical system
malfunction. Select firing position.

U = : A task which involves simple reading comprehension should
be categorized under READING/WRITING (4.1). A task which involves
reading material and then performing the types of cognitive
activities described above (e.g., encoding or decoding) should be
categorized under both. READING/WRITING and REASONING/PROBLEM
SOLVING/DECISION MAKING.

NOTE: Do not assign a task to the REASONING/PROBLEH SOLVING/
DECISION MAKING taxon simply because it has heavy memory
requirements (e.g., has a lot of steps). Recalling things from
memory is part of every taxon.

REASONING/PROBLEM SOLVING/DECISION MAKING should be used when the
user is required to perform the types of cognitive activities
described above (e.g., encoding or decoding) with the material
which is recalled from memory.
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3.1 Fine Motor

3.1.1 Fine motor discrete. A task involving a set of
discrete actions performed in a predetermined sequence. These
actions largely involve movement of the hands, arms, or feet and
require little physical effort.

Examples: Prepare a DRAGON for firing; Conduct engine shutdown;
Assemble SAW; Put On, Wear, Remove M17 Protective Mask; Start and
Stop a Tank Engine.

3.1.2 Fine motor - continuous. Continuously performing the
actions needed to keep a system on a specified path (e.g.,
piloting, driving); aiming a gun, weapon or sensor at a target
either by pointing the weapon directly or by moving a cursor or
other control device; aligning two objects with one another by
continuously moving one or more of the objects until they are
properly aligned.

Examples: Drive vehicle; Land aircraft; Takeoff aircraft;

Aim/sight rifle; Adjust rifle fire.

3.2 Gross Motor

3.2.1 Gross motor - heavy. Actions involving extensive
physical effort or exertion.

3.2.1.1 Carrying/load hearing. Lifting an object,
moving it from one point to another, and lowering it.
Example: Load ammunition onto howitzer.

3.2.1.2 Lifting/lowering. Lifting and/or lowering
an object and unloading or releasing it. Example: Load
cannon.

3.2.1.3 Torquing/pulling. Using a wrench or other
tool to tighten or loosen a screw, bolt, or other
fastener. Example: Adjust tire lugs.

3.2.2 Gross motor light. Actions involving movement of the
entire body which do not require extensive physical effort.

Examples: Evacuate tank. Get into firing position (for using an
M16 rifle). Engage enemy target with hand grenade.
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TV Communication

4.1 Reading/Writing -- Reading text or numbers off a hard-copy or
CRT; writing with pen or pencil.

Example: Check vehicle record form; Prepare a requisition for
publications.

NOTE: Typing tasks involve both READING/WRITING and FINE MOTOR
DISCRETE.

NOTE: If the soldier must read a technical manual during
performance of task, at least a part of the task should be
assigned to the READING/WRITING category.

442 Oral Communication -- Talking or listening to another person.

4.2.1 Face-to-face communication. Talking or listening to
another person who is physically present. Example: Issue Order;
Use Challenge and Password.

4.2.2 Radio/tealehone communication. Talking or listening
to another person over a radio, intercom, or other electronic
medium. Example: Transmit/receive messages; Call for indirect
fire.
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APPENDIX D

variance/Covariance Matrices for MOSs Used in
Regression Analyses

NOS III - Vitkin Cells Variance$ and Covariances - Time and Accuracy
Visual Pattern Reeognition/Discriulnation

Grost Notor Light

CLI Go iL FA GN 0 KN OF SC S? CPAC

CL, 183.64657
Co 132.87170 152.44014
1L 170.98996 137.73115 186.16561
FA 157.657?? 145.15131 152.36839 169.54240
ON 150.62897 140.44750 176.47294 133.06396 190.43895
C? 170.51478 127.0061? 158.503?3 138.51952 141.38710 1l1.16924
NN 108.10624 129.11246 131.31780 114.48884 146.94211 102.54831 145.10725
OF 124.92002 131.6119? 130.66664 120.08366 142.75817 121.46188 133.63321 141.33663
SC 153.81561 150.49160 158.40519 139.54911 165.04112 153.44822 138,19641 147.64186 175.26494
ST 113.21334 143.,1301 180.66617 154.95133 178.35343 162.29521 134.62116 147.50041 1?1.26356 201.08683

CPAC 76.58466 69.92916 ?1.73774 76.25265 64.29198 73.42623 48.95116 61.10939 10.23145 14.87228 430.35768
CPSP 35.08959 52.33386 39.53659 51.25008 41.474123 30.91022 46.6451? 49.84733 41.11125 47.6165? -124,4149
SRSP 16.39540 14.88468 13.86361 11.96119 8.26219 12.39140 11.35229 14.32019 8.173834 15.26938 -1.13550
SRAC 30.12181 31.67426 38,33154 29.8334? 39.30234 28.81656 29.91413 28.39310 36.41310 39.89488 55.71341
SPAT 334.90571 333.06918 330.$8999 363.89538 301.60?13 305,73753 265.398l6 280.01109 329.54915 352.50294 294.33094

RORLYVL 0.98313 15.65599 19.48235 17.07585 17.31011 11.1271? 12.11339 15.10101 18.89190 19.16377 8.95092
PEIQI 1.11201 .59171 .96643 ,2293) !371178 1.13346 1.02964 1.44199 1.80409 1.90355 -1.04031
RICI -1,36846 -1.1530? .1.15611 -.14128 -1.41401 -1.63010 -.90635 -1.31915 -1.17309 -1.6419 -. 214488

FBI RICI -1.14523 -1.82560 -.88106 -2.27109 -. 47190 -.91860 -. 20394 -. 20273 -.305?1 -. 19368 .5.15691
TAXONI 2.49230 2.32501 2.14616 2.41543 1.72385 2.19874 2,18008 1.29035 2.57254 2.93353 2,92884
FRIOQ -1.82828 .1.8935 -2.214715 -1.16166 -2.41389 -1.96600 -1.18273 -1.71278 -1.93424 -1.06010 -.13015

IEC? .74689 .69613 .87466 .49253 1.02452 .811769 ,1731 .19815 .12144 .84689 -1.13418
Ft RIC? -2.99194 -3.28063 -3.61111 -3.21743 3,16177? -3.21373 -281405 -2.34561 -1.58519 -2.18832 -5.04515

TALON? 1.04181 1.11431 1.04066 1.05129 1.16161 .90544 .91682 1.18644 1.11996 1.31010 .19179

CPSP 313P SiAC SPA? UOILVY 1111l 1C0 II.IUICI TAIONI PRIOT RIC?

CPSP 481.10804
833P 124.0694 330,37109
SIAC 14.05406 21.4672? .41.65530
SPA? 30.711221 114419382 139411107 2083.16460

BORWLL 3.14854 1.56408 3.14390 31,49119 1.61523
PFIQI 1.1141 1.11141 -. 21090 3,01211 .14i1 2,09511

II~l .13445 -. 39151 -.56481 -2,51305 -. 19311 -I.25219 1.81123

CPSP SUP SIAC SPA? 1G01V1, F180I tCl Itl8tlCl ?IOII Pilo? UC?

FBI 11CI 3.41615 4.131112 -1,fl11 -3.33346 -. 10489 1.21354 .1613 10.31011
6AIO1I t1.3424 .14t2O .8ti4 5i458lls .28589 -.80145 m01m55 -.02881 .55145

FIIQ? 1.1l444 .31119 -.58189 -.51511 -. 14104 .5644 -. 13318 1.03513 -. 011849 1.2440
Ile? -. 18405 .11561 -. 88304 -2.81369 .0971 -. It119 .28013 29113 .03958 -. 49497 1.01763

FI Bic? 4.21664 1.0391 -4.01111 -1.44619 -. 41014 1.31727 .04015 4.1?131 -.01440 1.31f14 1.11539
TAlOl? 1,88843 1.69211 .416i 3.888ls .10462 .mm158 -.0912 .07O40 .01571 041180 -.03211

FRt11C? ?Atoll

FRIRIC? 10.11836
AilOl? -.0321? .60031
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NO0 191 - Vitkin Cells Variances and Covariancet - Time and Accuracy
Fine Motor Discrete
Comunicu'ion - Oral

CL t CO RL FA GN OT HK Of IC ST CPAC

CL I 191.16202
CO 138.12533 163.90781
BL 185,71525 151.48362 208,74614
FA 163.92285 152.35572 166.01184 176.22790
ON 163.74452 156.63886 I97.85759 145.86485 213.53943
CT 179.31115 134.98149 174.86234 146.10598 151.6211! 182.19018
NM 13.27263 145.14309 145.24817 123.14156 165.11181 !12.01255 166.24751

OF 124,28592 140.35751 139,12080 123,08232 155.60612 115.52:55 148.68601 141.80610
Sc 160.31205 161.05611 I12.81890 147.17791 180,91941 163.31235 152.31827 154.76549 185,40348
ST 182.50014 150.5864? 197.30414 163.23948 193.81202 173.67443 143.95691 1I1.79104 110.59417 214.71018

CPAC 91.07387 81.41279 97.72603 91.29061 93.25260 80.83585 69.81383 6921.244 18,04819 91.61685 536.36600
CPSP 28.43136 15.68347 33.28439 34,41786 21.49085 29.36857 21.0269 122.06830 23.31559 35.35842 -13.94161
PSIN 161,70246 160.41296 169.76029 180.27631 151.31086 164.79903 135-91167 141,05161 156.17543 184.00897 257,32380
SlIP 21.15327 17.85138 20.81170 21.48317 9.25714 21.41764 10.12325 14.68464 14.35480 14.55024 29.88519
SIAC 14.45210 33.2319t 30.22650 24.01938 31,42100 21.52196 36.50138 36.22171 39.11431 35.20142 57.03834
SPAT 356.88335 340.98613 384.49189 373.11167 353.71562 330.46458 299.15243 290.65233 351.84199 382.54126 329.56016

FRI04 -1.66614 -I1?1715 .1.57190 -1.71399 -1.54102 -1.61541 -1.43110 -1.59413 -.180165 -1.65010 -2.11268
fhC4 1.42591 1.21160 1.65431 1.30831 1.60816 1.33003 1.19181 .91934 1.40202 ' 1.53013 1,5952.

FRIRIC4 .22431 -1.07713 .86169 -. 60104 .56733 -. 01217 -. 76388 -1.35165 -. 36411 .03611 -3.08441
TAION4 .53074 .66248 .32785 .63706 .15220 .37929 .75311 .58067 .70542 .J9568 .61214
TIM14 -1.00901 -1.49412 -152519 -1.19891 -1.74412 -1.03351 -I,67131 -1.43797 -1.46855 -8.31950 .08325

TAIOM8A 1.21326 1.38079 1.41169 1.24501 1,58115 1.25646 1.43214 1.211191 1,5540 1.34154 .07655
TIMIIA -1.31833 -1.14046 -1.28439 -1.42664 -. 98963 -1.2651 -.61291 -.194189 -1.06069 -1,54013 -. 21140

CPSP PFol SUP SiAC SPAT FP144 11C4 PEIRIC4 TAWON TIN4i TAIONIA

CPSP 484.8419?
PSYM 140,51611 1216.?4908
SHIP 90.10388 1I0.10499 219.63431
SRAC 1.40851 19.80134 34.32156 163.31!61
SPAT 216.14415 106.11311 10t.51000 8.430688 1760.-3164
FRII 1.20301 -1.06571 901685 -.11194 -4.84154 .12111
RIEC ,191454 .T9875 -. 25110 .11103 4.51015 -.40187 .65071

FP0 IN4 3.10321 -.01011 .51145 1.10981 2.20251 .6911 .60663 3.91444

CPSP PETH SUP 3SAC SPAT "at04 11CI 7I1.C4 W11ON1 T1114 TAIOIIA

TAIO24 ,13325 1,.0617 .02101 .61012 3,17418 .01734 -.0612 .06112 .1452
Tint! -1.-1213 -2.16354 -.25660 -.01565 -5.13016 -. 01919 .05410 -.03324 -.03218 .30717

TIIO8A .10384 1.10,16 .211l9 .015l1 4.11501 .01455 -.0623 -.01919 .04910 -. 01241 .37554
118l8A -1.07133 -3.12633 -1.418198 .01138 -2.10082 -.Cliff .04400 .1925 .04306 .01289 .02159

1I11A

TIMIIA .61473
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NOS 31C - Vithin Celli Yariancet and Covariances - Time and Accuracy
Cognitive - Reasoning/Probles Solving/lecition faking

CLt CO UL FA ON GUT N OF SC ST CPAC

Ch $ 165.25004
CO 98,50251 124.87847
1l 150.31461 113.67266 168.28208
FA 134.15899 113.69662 130.83617 143.54885
ON 120.80093 117.11880 154.86321 106.31867 169.84553
GT 148.30433 92.17901 135.14630 M.L3327 109.69337 148.38786
Ni 75.79810 109.13442 109.52056 95.50878 130.12588 11.87200 131.52660
of 88.52535 97.01713 100.90301 84.51235 111.63647 86.32414 105.63585 101.21787
SC 118.54511 129.2159! 142.36548 116.14400 147.95145 121.95096 126.52615 120.95472 163.31163
ST 150.57336 112.31395 160.22946 130.72581 150.28336 137.32109 101.94163 113.56417 150.21280 178.13539

CPAC 36,33004 25.52761 39.81018 31.90610 36.83382 32.66248 17.12150 20.92645 16.22090 39.74705 468,41568
CPSP 40,71913 40.80156 48.38224 50.77840 40.60048 32.13131 36.76548 29.91995 36.84112 44.85855 -227,40172
NNSA 167.71344 105.44590 149.331817 151.93343 102.33841 147.60294 63.84921 77.02688 106.88817 129.03567 40.16929
SRAC 29.70639 26.30044 34.06546 31.96610 27.05001 28.51723 22.01513 11.19210 27.22665 32.86518 22177141
SRSP 19.66290 14.12803 24.87902 20.73443 19.75718 16.44072 15.23325 10.11223 13.61236 19.23311 -15.03969
SPAT 217.58010 285.77720 306,03657 324.31589 274.66613 258.11293 219.82191 221.25110 303.35449 330.51388 110.51481

HOILML 18.40713 11.53512 16.88140 13.11850 13.69919 18.44618 8.18088 10.75656 15.96816 17.03864 3.96040
F1143 -. 259128 1.03643 .28742 .37654 .65351 -. 08578 1,44920 .1I001 .90399 .01405 1,83642
RIC, -1.22104 -1.35206 -1.44177 -1.31702 -1.35412 -1.19274 -1.)5442 -1.09732 -1,46148 -1.22273 -. 01308

FRIIMC3 -4.38080 -2.28201 -3.63675 -3.42032 -0.71360 -4.01947 -1.!0377 -1.98119 -2.81671 -3.51152 4.711141
TAlON) 2.13591 1.55561 2.22778 1.98330 1.90577 1.81270 1.25867 1.23137 1.61014 2.05168 2.05839

TINE3 -. 64601 -. 87110 -. 61415 -. 91758 -. 52396 -.54411 -. 61277 -. 64113 -. 61509 -. 55280 -. 16811

CPSP N1SA SI1C 3uP SPAT HGILML PM103 IC3 111tUC3 YAIOM3 TIN13

CPSP 415.18861
KNSA 150.02722 5$8,20944
SRAC 6.94311 34.40341 214.14505
SisP 103.37751 10.21918 -6.10142 110.65233
SPAT 227.1510 371.45683 53.01736 93.44333 1685.18131

HIML 4.171 11.51114 3.61461 1.22231 32.13157 2.31009
11103 -1.90137 .11160 -1.51110 -1.50910 -.411117 -. 01114 1.21083

IEC3 -1.01212 -l.18152 1.30522 .43114 -1.2ti71 -. 14149 -. 11814 .18446
f1I.11C3 -6.7011 -3.95254 2.22513 -2.21151 -11.31i33 -. 49113 .12llS .11111 6.3142?

CPSP KlA SIAC S13P SPAT MiULL =3313 tic) W WI 1TlO)3 TIN"

TAlONM -. 01354 t.53344 .11394 113111 5.50749 .22116 .16021 -. 14111 -.06123 .281l
TINE3 -.97109 -U41863 .17301 -. 48461 -4,9124? -. 07114 -. 05519 .04224 -. 11311 -.01111 .35132
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HOS 71 - f1tkin Celle Varitaces and Covariance - Time ud Accuracy
Commuuication - Readial/fritiat

CL CO 9L PA ON OT IN Or SC ST CPAC

CLt 15927906
Co 115.62215 155.30711
II 153.90041 119.48117 171.10615
FA 134.1524? 138.14981 138.22666 151.76153
GN 139.00220 139.45175 173.75370 127.44935 192.66149
OT 144.98169 108.84941 137.28461 116,05914 123.91493 145.80151
N 81.1148?2 125.67440 118.21228 103.66913 140.12438 78.84803 135.21418
of 99.20744 120.31037 111.45735 102,10714 121.99000 95.33217 116.95365 118.76013
SC 135.?7111 141.10663 141.7?963 132.11178 159.30749 132.96184 130.91140 13.92192 168.11118
ST 151.18904 131.20615 165.01362 137.812444 117.41659 137.911. 0 I18.81341 125.91031 151.23815 178.73498

CPAC 60.78063 60.59089 63.55115 14.10631 60.64150 55.501?4 44.39350 471.48837 61,00228 66.25508 361.17274
CPSP 2?.47516 48.52187 42.57489 43.7701? 4.94401 20.7812? 43,71121 31.11939 41.14477 43.91949 -131.0111i
SIAC 21.19494 26.23651 81.14310 23.91361 29,03?17 33.0210? 19.11321 26.58608 30.715571 34.75682 57.04816
liSP .11347 15.11048 .43983 11.13040 -.00548 3.06924 21.4166 3.94643 5.68431 .26005 -3.A3404
SPAT 306.33986 329,21234 3a8ll-ti8 338323569 310.66012 2M3.16338 2.1?33 161.0?111 337.53314 345.75314 616.76220

1GRLVL 11.97934 13.54736 l1.07269 14.44910 15.31636 1.09121 9.131! 11-.70844 16.48352 IH.JAM3i 6.81613
P1108 .01625 .11018 -.111? .45650 -.4315t -. 14120 -. 34856 -.31400 -.31918 -.24974 .55479

liCR -. 34316 -.06135 -.11214 -.41i25 .41579 -.16635 .11931 .05164 .10116 -.11761 -.31612
PSIt RCO -.10908 -1.36451 -2.07131 -.116?0 -2.3412? -4.50413 -1,33754 -.19062? -*.4Il18 -2.111ti .14240
TAiONS 2.55023 1.00011 2.33733 2.41i2S 2.00914 1,11211 1.14593 1.4i461 1.90866 1.3305t 2.1Ti61
Ti111 -.IS8M8 -.15135 .25626 -.21080 .35614 -.40715 .23114 -.19111 -,I0545 .03960 -.81054

CPHP suC SUP SPA? UIL15V 11110 1BC FU.UCI TAJONI T1N11

CPSP 419.02324
SlAC -31,647114 191.34140
lISP ?1.I1i50 4.21513 115.06507
SPAT 19.41060 69.00151 53.43261 M61I.AMIi

1ORL1L 1.11061 33.1011 .35104 33.15571 1.15531
Moe .94654 .1509 .11469 1.693? -.01319 .311i
RICO -. 4163S -. 10013 .0199? -2.619T5 -,41311 -.6il19 ,AI3M4

FPIt CI .A059 -.01401 .464is -4.22552 -.310180 .0411 .11,6 2.14214
TAI101 .6411l .10119 .408i4 8.14403 .11#4 .14,11 -. 11510 .06381 .23416
M111t -1.20449 -.6111I .3115 -1.64988 -.041, ? -.10111 .01530 -.0i15 -. 14441 .6611
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105 95 - litkia Cells Variances and Covarisanes - Time sad Accaracy
Colaitive - hIlerical

Pine Rotor Discrete

CLh CO IL PA OR O? NN Of SC ST CPAC

CUI 88.94946
CO 57.30364 94.98460
EL 73.72800 60.65891 84,26511
FA 80.33972 81.88018 11.21450 91.84914
GN 52.56569 MN.0i889 71.21795 53.25113 88.15212
CT 77.2464? 54.71439 64.24970 65.92630 45.81536 718.51556
MN 37.14640 77.91480 57.26024 55.11474 75.41014 36.05555 93.33444
OF 42.61789 69.98676 46.65345 53.65263 19.36730 43.04882 74.2501? 70.78325
SC 57,66193 78.28907 60.69639 13.099t7 67.17399 59.55668 71.99113 67.23663 81.49151
ST 61,51069 53.44665 64.01344 60.31494 61.07753 54.5952! 4.11160? 49.91046 51.16446 66.07313

CPAC 21.07260 20.29309 14.17112 16.81019 8.43141 17.6722S 9.15407 11.19100 10.28241 9.14178 416.10412
CPSP 16.32702 22.83994 13.30131 19.09418 11.83312 3.20014 19.3947i 11.51016 15.11036 20.20414 -I71.15935
NNSA 100.50395 72.67536 77.08681 101.15196 45.61892 86.36134 51.013316 t1.1405 12.13401 54.M5943 21,14155
PSIK 40.45112 74.33015 47.81980 71.29021 44.24341 34.50194 74,30216 61.37141 56.25361 39.90167 121.11299
SEAC 11,94574 13,3A588 12.41119 14.38022 11.17939 10.49315 13.36191 13.11316 18.17311 11.14811 35.99515
SlIP 10.41498 13.25145 7.33021 16.93802 3.49431 9.82061 7.56874 11.34145 .7119I 9,03572 -3.16334
SPAT 137.30931 174,01083 139.01951 183.1411? 122.0131 118.31398 141.38111 116.1019l 150.91191 li2.82il2 132.76211
F1i42 .07753 A58117 '40721 .46814 .49111 -. 14313 .437?? .19116 .32063 .21221 -.21127
tiC: -. 51013 -. 40511 -,10422 -.55739 -. 42506 -. 41465 -.11515 -.11011 -.41081 -.5S149 .16901

PIIUCt -1.21756 .10604 -.32441 -.25141 .19615 -1.115t .55621 -. 10136 -.64516 -.86111 -. 0043?
TAOIZ 1.4Ii11 1.680311 1.54405 1.14302 1.43111 1.19141 1,42005 1.11392 1.49153 1.33159 .59495
TIRIl -. 14334 -1.40198 -. ?3130 -1.42112 -.6111 -.10161 -1,.0110 -1.13311 -1.01464 -. 13310 -. 75105
P1144 -121719 .345t .0122? .04317 .23040 -. 3X040 .1091U -,6146t .09i35 -. 11331 -.6511l
304 -S.49141 -. 27615 -.31141 -.42316 -. 33344 -. 31251 -.01371 -,Ji4| -3.411, -. 33311 .51l

Fi6ll 1C -1.5556i -. 56104 -1.41311 -1.53511 -. 81485 -1,31164 -.11113 -.19815 -1.84610 -1.611i9 .43S3
filmi! .54454 1.04119 .103547 J71M5 1.01252 .M4l0t 1.06415 .l414l .98194 .73445 .17191
11184 -. 12513 -. 11944 -. 49113 -.41177 -.11133 -.11334 -.14611 -41711l -. 19314 -.4l110 .141

CPI? 1iSA P51i $lAC 88.9? SPAT tIau tZ Fml )C2 P01ost Tint1

CPSP 453,01147
KRSA 114.0011 514.55961
PIT# 156,1-414 197,45163 1133.1363?
S8AC 4.24153 15.MA7l2 24.14955 I31.28690
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Vithik Cells Variances and Covariances NOS 358 (COlT.)

CFSP INSA PSTH SRAC SUP SPAT PFIQ1 REC? FUIE1C2 TAlOVI TINBZ

SUP 7 13.17603 47.39101 81.79522 -3.11821 101.41392
SPAT 112.51839 229.13198 441.24701 512.74851 59.3899 1240.70005

FRIQ2 1.11108 -.00665 3.81184 .31709 .593315 2.5146 .8733?
RIC2 -1.33168 -1.11159 -3.41655 -.18211 -.24633 -1.50435 -. 46005 .?120!

FRI RiCt .52986 -3.56??3 3.10309 .6s902 1.21679 3.44668 1.20279 .52111 5.13212
TAlON? .13339 1.6446? 2.23710 .31480 .15515 5.80840 .10199 -.09556 .06061 .31339
?t132 -1.44838 -1.53824 -3.08520 -. 13893 -. 84241 -4.50485 -M0Mi65 -. 00016 -.01923 -. 08831 .40973
FRIQ4 .82414 -. 3721! 2.?1154 .20211 .485)6 .55385 .11515 -.21141 1.04183 .06102 -. 02254
RECI -. 91183 -. 98010 -1.49374 -. 09528 -.20499 -.65s65 -.27016 .39541 .10641 -.05362 .00261

FRI RIC4 -.91816 -3.82665 2.5322? .34616 .6118 -. 00114 .52558 .59667 3.23525 -.0)170 -. 05133
610N4 1.51348 1.5669 2.415831 .251lo .30001 4.73611 .1613 -.07192 .12139 .103I5 -.05115

I114 -1.40357 -1.04296 -2.15584 .10l4 -.41800 -3.3?1?! -.06651 .03411 -.05614 -. 01132 .04664

FtlI UMi Mill T11O04 11134

FUNQ .71151
ltC4 -.,811M ,45599
pit IlC .J3041 -.13829 4.0l:46
TAIOmi .1023 -.06413 .1711 .238)3
1T014 -. 13)91 .10ll -.4318l -. 11911 .15411
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I Variables in rows sad colua usae the tolloujil motatiom:

Variable Label

MPAT Overall spatial
EOlGEL leadint Grade Level
CPAC Complex Perceptual Accuracy
CPKP Couplet Perceptual Speed
INIA Numerical speed I Accuracy
PTSY Psychomotor
3RAC Simple Reaction Accuracy
sIiP Simple leactios Speed
Cl ASIAR Composite - CL
CO ASVA! Composite -CO
II, ASIAN Composite - I1,
UA ASVA! Composite - pA
Co AS!AI Composite - ON
G? ASVA! Composite - of
NKl MAN11 Composite - NI
of ISMB Composite - oP
SC A3VA. Composite -C
ST ASIA! Composite - It
fIIQI Trraiiug preteeacy - Vital
ltd traialim fec•ey - 111i41
WIIlC trliiut PrIceltcImctafp Imteruhtiua -fisual
""iOI Taccmrlmy. Vileal
a111t TrlAimi IPeqaeaI - Ioneric

IlCl tralan qcel ey- Ilerte
TRll tit Valsl e-ricTMost Worse -il serfetAKOI1 ttvciraep kineric

Fl110 trslaiml Prtq4eac/ . Cimitivu
"tICS Troilles lecolac - Csgvitive
PH aIIC) Trollill Presiaacptklem/ latvmti~m - gsiive
till) Til - Cqlitite
MAlOll Accersf - clitivtPllGA trslimim Prequemep • E,. liscreti
"UCI ftirlisti erlle - P.I. lioctote
"I MII fraimias Pte ae ce ~y tm.,mLii -. I. $tajnto
triti five - VI. liferele
TitOit iccsracy P.I. Ix tieete
FRt Trolraliese Ptequeap * 0 . tigit
t110 trailiaf Mioelp - 0.. isigt
"Il I1CI 4ra1641 ft¢ MeaIcp-IACfu lItStaIUS - 0.1. tlogt11101? &ccurbo. 0.I. I, Iit
Pll0l ?taiaIlg t teqmule C..o. I0 m
I1K Traliail helIct - C*N. Ial

IH to triital pfr •eq -acIeemy Intatlaot . Ceam. V1I
TMil Tile - Us. Ill
tAtOl Accracy - CM. Ill
TIRIll time -Co. Oral
VAZOtIM Accray - CNN. Orai
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